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A B S T R A C T
This work aims at the evaluation of FT-NIR and FT-IR spectroscopy as rapid, easy, and cost-effective tools
for the classification of egg white powder (EWP) based on its technological properties. Up to 100 commercial
spray-dried EWP samples with known gelling and foaming properties were used to acquire FT-NIR and FT-IR
spectra. An appropriate data-splitting algorithm (Duplex) was applied in order to create, for each dataset, a cal-
ibration set and a representative validation test set for prediction. Different spectral pre-treatments and their
combinations were investigated for the calculation of Partial Least Squares–Discriminant Analysis models in or-
der to classify samples according to gel strength, foam height, and foam instability. A variable selection strategy
based on the so-called Variable Importance in Projection scores was also evaluated. Both FT-NIR and FT-IR spec-
troscopy showed good potential in discriminating EWP samples with different technological properties. Correct
classification percentages in prediction ranging from 59% to 89% were obtained with the best models calculated
with selected wavenumbers. These results show a promising industrial perspective, demonstrating the possibility
of developing cheap and fast instruments spanning a limited spectral range, which can be implemented on the
production lines for EWP sorting and quality control.
1. Introduction
The excellent foaming and gelling properties of egg white pow-
der (EWP) make it an optimal ingredient for many processed foods,
such as bakery products, meringues, pasta, and meat products. Differ-
ent kinds of proteins, representing more than 80g/100g of the dry
matter, are responsible for the technological performance of albumen
(Li-Chan, Powrie, & Nakai, 1995). However, during the production of
EWP, proteins are subjected to several processing steps with thermal,
physical, interfacial, and chemical treatments that may jeopardize tech-
nological properties (Mine, 1995). Besides the raw material character-
istics, each stage of EWP manufacturing can influence the protein qual-
ity (Lechevalier, Jeantet, Arhaliass, Legrand, & Nau, 2007; Talansier et
al., 2009). In particular, raw materials greatly influence egg white pro-
tein conformation and gelling properties, while the most critical process
step is spray-drying, which strongly damages the foaming properties.
Pumping and filtering have also considerable negative effects, whereas
concentration and desugarization exert interesting improving effects on
EWP foaming properties (Lechevalier et al., 2007). In order to offset
functional property losses resulting from the spray-drying step, heat-
ing of EWP at 75–80°C for 10–15 days is widely used. It improves
both gelling and foaming properties thanks to protein mild confor-
mational changes and polymerization caused by disulphide formation
and/or sulfhydryl-disulphide interchange (Handa, Hayashi, Shidara, &
Kuroda, 2001; Kato, Ibrahim, Watanabe, Honma, & Kobayashi, 1989;
Mine, 1996).
EWPs are often marketed as “high gel” or “high foam” products, in
order to help end-users in choosing the right ingredient based on the
final application. However, due to the several factors influencing EWP
technological properties, this labelling is not always correct, leading to
a negative impact on the quality of the final food products. In order to
correctly classify EWPs, the producers must analyze every production
Abbreviation list: EWP, egg white powder; FT, Fourier transform; IR, infrared; MIR, mid infrared; MSC, multiplicative scatter correction; NIR, near infrared; PLS, partial least squares
regression; PLS-DA, partial least squares-discriminant analysis; VIP, variable importance in projection.
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lot by means of traditional methods, with a large waste of time and re-
sources. The use of infrared (IR) spectroscopy, both in the near (NIR)
and mid (MIR) range, can totally change this scenario because simple,
rapid, and cheap classification methods can be developed by analyzing
the powder samples without re-dissolving them. The impact of the man-
ual ability of the analyst becomes lower and, in the case of NIR spec-
troscopy, in-line applications can be implemented directly in the pro-
duction chain, for instance by setting a NIR probe just before the EWP
packaging step.
The application of IR spectroscopy to food classification has been
studied for different matrices, mainly with the aim of authentication and
fraud fighting (Danezis, Tsagkaris, Camin, Brusic, & Georgiou, 2016;
Esslinger, Riedl, & Fauhl-Hassek, 2014; Lohumi, Lee, Lee, & Cho, 2015).
In the field of egg products, some papers explore the possibility of eval-
uating egg quality and freshness, as well as egg product composition
(Dalle Zotte, Berzaghi, Jansson, & Andrighetto, 2006; Lin, Zhao, Sun,
Chen, & Zhou, 2011; Zhao et al., 2010). In other works, IR spectroscopy
is used to study the denaturing effects of different treatments on albu-
men proteins (Németh et al., 2011; Seregély, Farkas, Tuboly, & Dalmadi,
2006; Uygun-Sarıbay, Ergun, Kalaycı, & Köseoğlu, 2017) or to evaluate
the egg amount in fresh pasta (Bevilacqua, Bucci, Materazzi, & Marini,
2013). However, to the best of our knowledge, no studies deal with the
use of IR spectroscopy for the prediction of EWP technological proper-
ties. Thus, the aim of this work is the assessment of NIR and MIR spec-
troscopy as rapid, easy, and cost-effective tools for the classification of
EWPs based on their technological properties.
2. Materials and methods
2.1. Egg white powders
A total of 100 EWP samples (200g each) were kindly provided by
Lactosan-Sanovo Ingredients Group (Zeven/Aspe, Germany) together
with a measure of their gelling properties, whereas foam height and in-
stability values were provided only for 75 and 74 samples out of the
100, respectively. All samples were commercial spray-dried products be-
longing to different production lots.
2.2. Foaming and gelling properties
Technological performances of EWPs were assessed by Lac-
tosan-Sanovo Ingredients Group (Zeven/Aspe, Germany) following in-
ternal standards. Briefly, gelling properties were measured by dissolving
EWP in distilled water (11g/100mL) and adjusting pH at 6.6–6.7 with
sodium hydroxide or hydrochloric acid. The solution was then trans-
ferred into synthetic casings (30mm diameter) and put in a water bath
at 90°C for 30min. After cooling down at 25°C, the obtained gels were
cut into 30mm slices and the gel strength (kPa) was measured in tripli-
cate by penetration tests, using a Fudoh rheometer (Rheotech Co., Ltd.,
Tokyo, Japan) equipped with a 4mm cylindrical probe.
For the determination of foaming properties, EWP was suspended in
distilled water (10g/100mL) and, after 15min resting, it was whipped
for 3min by using a mixer (C-100 Hobart, Troy, OH). The foam was
then levelled, and its height (mm) was measured at three different po-
sitions. After whipping, 75g of foam were weighed into a funnel with a
perforated plate and the dripping albumen was collected in a graduated
cylinder for 70min. Foam instability was expressed as mL of dripped al-
bumen after 70min.
2.3. Spectra acquisition
For Fourier transform (FT)-NIR analysis, a MPA spectrometer
(Bruker Optics, Milan, Italy) equipped with an integrating sphere was
used. Two aliquots of 15g for each sample were homogenously dis-
tributed into Petri dishes and spectra were acquired in the range
12500-3800cm⁠−1, with 16cm⁠−1 resolution, and 128 scans for both
samples and background. The same aliquots were used for FT-IR spec-
tra collection, using a Vertex 70 spectrometer (Bruker Optics, Milan,
Italy) equipped with a single reflection ATR cell (4000-600cm⁠−1 spec-
tral range, 16cm⁠−1 resolution, 64 scans).
2.4. Data analysis
Prior to data analysis, an appropriate data splitting by a Euclidean
distance-sampling algorithm (Duplex) (Snee, 1977) was performed in
order to obtain, for each dataset, a calibration set consisting of two
third of the samples and a representative validation set for prediction,
containing the remaining samples (Bevilacqua, Bucci, Magrì, Magrì, &
Marini, 2012; Vitale et al., 2013).
Different spectral pre-treatments and their combinations were inves-
tigated: de-trending, linear and quadratic baseline correction (Barnes,
Dhanoa, & Lister, 1989), multiplicative scatter correction (MSC)
(Geladi, MacDougall, & Martens, 1985; Martens, Jensen, & Geladi,
1983), and Savitzky-Golay first and second derivatives (Savitzky &
Golay, 1964).
The pre-treated datasets were subjected to Partial Least Squares–Dis-
criminant Analysis (PLS-DA) (Barker & Rayens, 2003; Wold et al., 1983)
to classify samples from spectral information according to gel strength,
foam height, and foam instability. Two classes were created for each
technological property, based on threshold values suggested by Lac-
tosan-Sanovo Ingredients Group (Zeven/Aspe, Germany): 58.8kPa for
gel strength, 160mm for foam height, and 35mL for foam instability.
PLS-DA is the direct extension of Partial Least Squares regression
(PLS) (Wold, Sjöström, & Eriksson, 2001), developed for classification
problem solving: the data matrix, X, here containing in each one of its
rows the spectrum of one of the analyzed samples, is regressed via PLS
on a dummy binary-coded response array, say Y, made up by a set of
piled Z-dimensional vectors constructed so that if their corresponding
objects are members of the z-th class, they have a 1-value in their z-th
entry and 0-values in all the other ones. For instance, in a 2-class prob-
lem as the one under study, samples belonging to the first category will
be described by the dependent vector [1 0], while samples belonging to
the second one by the vector [0 1]. Whenever new measurements be-
come available, the a posteriori probabilities that the objects they refer
to belong to the Z concerned classes are calculated. The assignation is
finally carried out according to the higher-than-a-threshold probability
rule, being such a threshold estimated as detailed in Pérez, Ferré, and
Boqué (2009).
PLS-DA does not need to assume linearly independent regressors and
thus, in theory, the entire X matrix can be employed for calibration
purposes. However, in the attempt of enhancing the predictive ability
and the robustness of the final classification models, the most discrim-
inant spectral wavenumbers of the considered experimental ranges can
be preliminarily selected and PLS-DA applied on the resulting reduced
data array. For addressing such a selection, a variant of the approach
described in Folch-Fortuny, Prats-Montalbán, Cubero, Blasco, and Ferrer
(2016) was applied. For each training set, a PLS-DA model was built
taking into account all the spectral variables available and their im-
portance for the classification assessed according to the so-called Vari-
able Importance in Projection (VIP) scores (Wold, Johansson, &
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Cocchi, 1993 ), expressing their influence in the model building phase.
The VIP scores were compared to those obtained by permuting (shuf-
fling) 300 times the order of the Z-dimensional vectors within the
dummy response matrix and re-calibrating the PLS-DA classifier. The
idea behind this strategy is to evaluate which VIP scores, among the
ones returned by the original model, were systematically higher than
those retrieved by artificially assigning the samples to random classes,
thus destroying any existing relationship between the nature of their
spectral fingerprint and their class belonging. Such VIP scores can be
therefore considered associated to those wavenumbers at which the
classes under study can be more clearly discriminated. In this case, the
global set of spectral channels was sorted by the number of random
PLS-DA models resulting in VIP values larger than their correspond-
ing original ones: the lower this number, the higher their discriminant
power. At this point, new PLS-DA models were calibrated utilizing a
growing number of wavenumbers (from the most to the least discrimi-
nant, in intervals of 5) until encompassing a maximum of 50 light chan-
nels. The models exhibiting the best classification performance (in terms
of classification sensitivity and specificity) were retained and compared.
The parameters of all the PLS-DA classifiers were tuned by 11-fold
cross-validation (i.e. each training set was split into 11 different ran-
dom groups of observations, which were iteratively eliminated in the
cross-validation loop).
Data analysis was carried out in Matlab environment (v. 2016a,
Mathworks, Inc., Natick, MA).
3. Results and discussion
3.1. Technological properties
Fig. 1 shows the Box-and-Whisker plots for the technological proper-
ties of the EWP samples. Gel strength ranged from 34.9 to 72.8kPa, with
average and standard deviation values of 57.5 and 8.0kPa. Half of the
samples (52 out of 100) had a gel strength included between 52.0 and
63.2kPa. As for foaming properties, foam height and instability ranged
from 92 to 175mm and from 20 to 53mL, with average and standard
deviation values of 158±14mm and 35±7mL, respectively. About 55%
of samples showed a 155–165mm foam height range (43 samples out of
75) and a foam instability included from 29 to 40mL (42 samples out of
74).
Since there are neither official methods nor standard materials for
the evaluation of EWP technological properties, each producer adopts
internal procedures and threshold values in order to distinguish the best
performing products. Thus, according to Lactosan-Sanovo Ingredients
Group's suggestions, EWP samples were classified as follows:
- high gel products: EWP samples with gel strength >58.8kPa
- high foam products: EWP samples with foam height >160mm
- high foam stability products: EWP samples with foam instability
<35mL
Based on these threshold values, 44 samples out of 100 were consid-
ered as “high gel” products, 34 samples out of 75 as “high foam” prod-
ucts, and 36 samples out of 74 as high foam stability products.
Summarizing, the evaluated technological properties showed limited
variation ranges, highlighting a good standardization of the EWP pro-
duction process.
3.2. FT-NIR and FT-IR spectra
The average FT-NIR spectrum of the EWP samples is shown in Fig.
2a. EWP is mainly composed of proteins (82.4g/100g), followed by
carbohydrates (4.5g/100g), fat (0.04g/100g), ash (4.6g/100g), and
Fig. 1. Box-and-Whisker plots for the technological properties of the egg white powder
samples.
a remaining portion of water (about 8.5g/100g) (USDA, 2015). The in-
formation recoverable from the FT-NIR spectra was essentially linked
to protein signals due to amides and various C-H functional groups.
The key absorption bands were found at 6670-6536cm⁠−1 (N-H stretch-
ing first overtone), at around 4880cm⁠−1 (N-H stretching combinations),
and at 4613-4587cm⁠−1 (N-H bending second overtone and C=O
stretching/N-H in-plane bending/C-N stretching combination bands)
(Workman & Weyer, 2008). Other important bands linked to proteins
were also visible: the N-H first overtone of primary amides around
6990cm⁠−1, the C=O/N-H combination of polyamides at 6280cm⁠−1,
2 × C-H stretching (symmetric and antisymmetric) between 5700 and
5850cm⁠−1, the O-H stretching associated to the OH deformation of
water at 5135cm⁠−1, and 2 × stretching C=O + peptide group mode
around 4590 cm⁠−1 (Hecht & Wood, 1956). Carbohydrates signals were
present with weak bands between 11000 and 9680cm⁠−1, where the sec-
ond overtone of saccharide O-H was observable, and between 4386 and
4283cm⁠−1 (combination of C-H stretching and CH⁠2 deformation).
Liu, Cho, Sakuri, Miura, and Ozaki (1994) associated the FT-NIR
peak at 4855cm⁠−1 to the signal present at 3300cm⁠−1 in the FT-IR
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Fig. 2. Fourier transform-near infrared (FT-NIR; a) and Fourier transform-infrared (FT-IR; b) average (straight lines) and standard deviation (dashed lines) spectra of the egg white pow-
ders. In grey the selected spectral ranges used for data analysis. FT-NIR peak identification: 1) 11000cm⁠−1, second overtone OH; 2) 9680cm⁠−1, second overtone OH; 3) 8310cm⁠−1,
combination band of water; 4) 6670-6536cm⁠−1, first stretching overtone N-H; 5) 6280cm⁠−1, C=O/N-H combination of polyamide; 6) 5700 and 5850cm⁠−1, 2 × C-H stretching; 7)
5135cm⁠−1, O-H stretching; 8) 4880cm⁠−1, N-H stretching; 9) 4613-4587cm⁠−1, second overtone N-H bending and C=O stretching/N-H in-plane bending/C-N stretching; 10) 4386 and
4283cm⁠−1, combination of C-H stretching and CH⁠2 deformation. FT-IR peak identification: 1) 3300cm⁠−1, N-H stretching mode; 2) 3047cm⁠−1, O-H stretching; 3) 2926-2869 cm⁠-1, CH⁠3
stretching mode; 4) 1650cm⁠−1, amide I; 5) 1550cm⁠−1, amide II; 6–7) 1400-1200cm⁠−1, amide III; 8) 1056cm⁠−1, CO stretching.
spectrum assignable to the N-H stretching mode (Fig. 2b). Moreover,
in the FT-IR spectrum, peaks in the 3050-2800cm⁠−1 region were as-
cribable to the stretching modes of O-H (3047cm⁠−1) and CH⁠3 (2926
and 2869cm⁠−1). Signals in the fingerprint region around 1650cm⁠−1,
1550cm⁠−1 and 1400–1200cm⁠−1 were mainly linked to the amide I, II
and III vibrations, respectively (Barth, 2007).
Based on such an identification, data analysis was performed consid-
ering the FT-NIR spectral range from 8900 to 3800cm⁠−1 and the FT-IR
regions between 3700 and 2600cm⁠−1 and 1700 and 860cm⁠−1 (Fig. 2).
3.3. Egg white powder classification
The ability of FT-NIR and FT-IR spectroscopy to discriminate EWP
samples based on their technological properties was evaluated by
PLS-DA. Sample classes were defined according to the producer's in-
ternal thresholds (see §3.1) and class 2 was always associated to the
high-performance products (i.e. high gel, high foam, high foam sta-
bility). Thus, for gelling properties, the 56 samples with gel strength
≤58.8kPa were assigned to class 1, whereas the 44 “high gel” samples
were included in class 2. The figures of merit for the models obtained
with FT-NIR spectra after different pre-treatments are reported in Table
1. Most calculated PLS-DA models showed a good discriminant ability
in cross-validation, expressed as classification sensitivity and specificity.
Sensitivity, representing the true positive rate, ranged from 79 (23/29
samples) to 86% (25/29 samples) for class 2. A lower performance was
observed for class 1, since the highest sensitivity in cross-validation was
78% (29/37 samples) for raw and second derivative data. Specificity,
i.e. the true negative rate, was good for both classes; the lowest value
obtained in cross-validation was 72% (27/37 samples for class 2). The
calculated models did not perform so good in external validation, lead-
ing in prediction to a scarce sensitivity for class 2 and a low specificity
for class 1 (40–53%, i.e. 6/15–8/15 samples). The best model, chosen
considering both cross-validation and prediction results, was the one
constructed with first derivative data yielding, for the test set, sensitiv-
ity and specificity values of 84 (i.e. 16/19 samples) and 46% (i.e. 7/15
samples) for class 1, and vice versa for class 2.
The good potential of FT-IR in discriminating EWPs depending on
their gelling performances was proved above all by the figures of merit
of the model obtained after second derivative spectral transformation
(Table 1), giving in prediction 78 (15/19 samples) and 60% (9/15 sam
ples) sensitivity, and 60 (9/15 samples) and 78% (15/19 samples) speci-
ficity for class 1 and 2, respectively. Compared to the previous models,
those constructed with the FT-IR spectra generally guaranteed a slightly
better performance in terms of sensitivity for class 2 and specificity for
class 1 in prediction. This could be ascribed to the fact that gelling
properties are mainly linked to EWP protein content and conformation,
which are connected to the FT-IR amide I band (1600–1700cm⁠−1) (Li et
al., 2018). In particular, FT-IR proved to be reliable for the determina-
tion of protein secondary structure (Meziani et al., 2011), which could
be here linked to β-sheet (1612–1625cm⁠−1), β-turn (1667–1678cm⁠−1)
and α-helix (1650–1660cm⁠−1) of egg white proteins (Shen et al., 2014).
Indeed, the three-dimensional network generated by the interactions
among the different proteins contained in EWP (more than 40) is the
main responsible for gelling performance. However, heat treatments, in-
cluding spray drying used to obtain EWP, can lead to extensive SH–SS
exchanges in proteins, resulting in a more rigid β-sheet structure and
higher molecular weight complexes, which are indications of protein ag-
gregation (Meziani et al., 2011) that can lower gelling performance.
PLS-DA models based on FT-NIR data were calibrated also to dis-
tinguish “low-foam” (class 1, foam height≤160mm) from “high-foam”
(class 2, foam height>160mm) EWP samples (Table 2). The models
calculated after different spectral pre-treatments gave good results in
terms of sensitivity and specificity in cross-validation. The best one was
obtained after MSC and first derivative spectral transformation, being
sensitivity and specificity equal to or higher than 54% (i.e. 12/22 sam-
ples) in cross-validation, and equal to or higher than 64% (i.e. 9/14
samples) in prediction. However, it is clear that such a model is not in-
dustrially applicable to discriminate EWPs based on whipping proper-
ties. Indeed, the low sensitivity observed for class 1 (“low foam” sam-
ples) in prediction (64%, i.e. 9/14 samples) might indicate that a scarce
number of samples with low whipping performance would be recog-
nized as such. Practically this could entail the mislabeling of commer-
cial EWPs. On the other hand, the best PLS-DA model constructed with
the FT-IR spectra was obtained after MSC transformation, but classifi-
cation sensitivity in prediction for class 1 (42%, i.e. 6/14 samples) was
still found too poor for industrial purposes.
Foam instability is another parameter useful to discriminate EWPs
with different whipping properties, thus classification models for differ-
entiating EWP samples as unstable (class 1, foaming instability≥35mL)
or stable (class 2, foam instability<35mL) foam products were also
trained (Table 3). The PLS-DA models calculated with
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OFTable 1Results of PLS-DA models computed with FT-NIR and FT-IR data for egg white powder discrimination based on gel strength (class 1≤58.8kPa; class 2>58.8kPa): sensitivity and specificity (given in counts of samples) after different mathematical pre-treat-
ments. The best models are reported in bold.
Range Pre-treatment Cross-validation Prediction
Class 1 Class 2 Class 1 Class 2
Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity
FT-NIR Raw data 29/37 23/29 23/29 29/37 14/19 6/15 6/15 14/19
De-trending 28/37 24/29 24/29 28/37 14/19 8/15 8/15 14/19
1st derivative 28/37 24/29 24/29 28/37 16/19 7/15 7/15 16/19
2nd derivative 29/37 24/29 24/29 29/37 15/19 6/15 6/15 15/19
MSC 28/37 24/29 24/29 28/37 14/19 8/15 8/15 14/19
MSC +1st derivative 28/37 25/29 25/29 28/37 14/19 7/15 7/15 14/19
MSC +2nd derivative 28/37 25/29 25/29 28/37 14/19 7/15 7/15 14/19
MSC + de-trending 27/37 24/29 24/29 27/37 14/19 8/15 8/15 14/19
Please, be sure that in the final print Table there is enough space between FT-NIR and FT-IR results (also for all the other tables)
FT-IR Raw data 28/37 21/29 21/29 28/37 15/19 8/15 8/15 15/19
1st derivative 28/37 22/29 22/29 28/37 15/19 8/15 8/15 15/19
2nd derivative 27/37 24/29 24/29 27/37 15/19 9/15 9/15 15/19
Linear base line 28/37 23/29 23/29 28/37 13/19 8/15 8/15 13/19
Quadratic base line 28/37 22/29 22/29 28/37 14/19 8/15 8/15 14/19
MSC 31/37 23/29 23/29 31/37 14/19 9/15 9/15 14/19
MSC + linear baseline 30/37 23/29 23/29 30/37 12/19 9/15 9/15 12/19
MSC + quadratic baseline 30/37 22/29 22/29 30/37 13/19 10/15 10/15 13/19
MSC +1st derivative 29/37 22/29 22/29 29/37 14/19 8/15 8/15 14/19
MSC +2nd derivative 28/37 21/29 22/29 28/37 13/19 10/15 10/15 13/19
PLS-DA, partial least square-discriminant analysis; FT-NIR, Fourier transform-near infrared spectroscopy; FT-IR, Fourier transform-infrared spectroscopy; MSC, multiplicative scatter correction.
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OFTable 2Results of PLS-DA models computed with FT-NIR and FT-IR data for egg white powder discrimination based on foam height (class 1≤160mm; class 2>160mm): sensitivity and specificity (given in counts of samples) after different mathematical pre-treat-
ments. The best models are reported in bold.
Range Pre-treatment Cross - validation Prediction
Class 1 Class 2 Class 1 Class 2
Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity
FT-NIR Raw data 17/27 12/22 12/22 17/27 8/14 7/12 7/12 8/14
Detrending 19/27 14/22 14/22 19/27 4/14 9/12 9/12 4/14
1st derivative 18/27 13/22 13/22 18/27 6/14 9/12 9/12 6/14
2nd derivative 20/27 13/22 13/22 20/27 4/14 9/12 9/12 3/14
MSC 17/27 14/22 14/22 17/27 7/14 8/12 8/12 7/14
MSC + 1st derivative 17/27 12/22 12/22 17/27 9/14 8/12 8/12 9/14
MSC +2nd derivative 18/27 12/22 12/22 18/27 6/14 9/12 9/12 6/14
MSC + detrending 19/27 15/22 15/22 19/27 8/14 8/12 8/12 8/14
FT-IR Raw data 18/27 12/22 12/22 18/27 6/14 7/12 7/12 6/14
1st derivative 16/27 13/22 13/22 16/27 7/14 8/12 8/12 7/14
2nd derivative 17/27 13/22 13/22 17/27 6/14 7/12 7/12 6/14
Linear baseline 16/27 14/22 14/22 16/27 7/14 9/12 9/12 7/14
Quadratic baseline 19/27 16/22 16/22 19/27 7/14 8/12 8/12 7/14
MSC 18/27 13/22 13/22 18/27 6/14 8/12 8/12 6/14
MSC + linear baseline 17/27 14/22 14/22 17/27 7/14 8/12 8/12 7/14
MSC + quadratic baseline 17/27 15/22 15/22 17/27 6/14 8/12 8/12 6/14
MSC +1st derivative 17/27 13/22 13/22 17/27 7/14 6/12 6/12 7/14
MSC +2nd derivative 17/27 14/22 14/22 17/27 7/14 6/12 6/12 7/14
PLS-DA, partial least square-discriminant analysis; FT-NIR, Fourier transform-near infrared spectroscopy; FT-IR, Fourier transform-infrared spectroscopy; MSC, multiplicative scatter correction.
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OFTable 3Results of PLS-DA models computed with FT-NIR and FT-IR data for egg white powder discrimination based on foam instability (class 1≥35mL; class 2<35mL): sensitivity and specificity (given in counts of samples) after different mathematical pre-treat-
ments. The best models are reported in bold.
Range Pre-treatment Cross - validation Prediction
Class 1 Class 2 Class 1 Class 2
Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity
FT-NIR Raw data 16/25 16/24 16/24 16/25 7/13 9/12 9/12 7/13
Detrending 17/25 19/24 19/24 17/25 8/13 11/12 11/12 8/13
1st derivative 18/25 20/24 20/24 18/25 8/13 11/12 11/12 8/13
2nd derivative 17/25 19/24 19/24 17/25 6/13 10/12 10/12 6/13
MSC 17/25 16/24 16/24 17/25 8/13 10/12 10/12 8/13
MSC +1st derivative 18/25 18/24 18/24 18/25 7/13 11/12 11/12 7/13
MSC +2nd derivative 18/25 19/24 19/24 18/25 7/13 10/12 10/12 7/13
MSC + detrending 18/25 18/24 18/24 18/25 8/13 9/12 9/12 8/13
FT-IR Raw data 19/25 20/24 20/24 19/25 6/13 6/12 6/12 6/13
1st derivative 20/25 20/24 20/24 20/25 9/13 7/12 7/12 9/13
2nd derivative 18/25 20/24 20/24 18/25 9/13 7/12 7/12 9/13
Linear baseline 19/25 20/24 20/24 19/25 8/13 7/12 7/12 8/13
Quadratic baseline 17/25 20/24 20/24 17/25 8/13 7/12 7/12 8/13
MSC 19/25 20/24 20/24 19/25 8/13 6/12 6/12 8/13
MSC + linear baseline 19/25 20/24 20/24 19/25 8/13 6/12 6/12 8/13
MSC + quadratic baseline 19/25 20/24 20/24 19/25 8/13 6/12 6/12 8/13
MSC +1st derivative 19/25 21/24 21/24 19/25 9/13 6/12 6/12 9/13
MSC +2nd derivative 19/25 20/24 20/24 19/25 9/13 5/12 5/12 9/13
PLS-DA, partial least square-discriminant analysis; FT-NIR, Fourier transform-near infrared spectroscopy; FT-IR, Fourier transform-infrared spectroscopy; MSC, multiplicative scatter correction.
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FT-NIR and FT-IR data showed similar classification ability in terms of
sensitivity and specificity, both in cross-validation and in prediction. In
the case of FT-NIR spectroscopy, the best PLS-DA model was obtained
with first derivative spectra, which showed sensitivity and specificity in
prediction of 61 (8/13 samples) and 92% (11/12 samples) for class 1,
and vice versa for class 2.
Also for FT-IR spectroscopy, the highest prediction ability was
achieved by the model built after first derivative transformation, being
sensitivity and specificity in prediction for class 1, 69 (9/13 samples)
and 58% (7/12 samples), respectively, and vice versa for class 2.
Finally, the best PLS-DA models were re-calculated after the selec-
tion of the most discriminant spectral wavenumbers carried out as de-
scribed in §2.3. The outcomes can be considered rather similar to those
yielded by the classifiers built employing the full spectra of the dif-
ferent samples (see Table 4 for an overview of the best classifications
achieved). Slight improvements can be observed in the PLS-DA model
constructed with the FT-NIR data for the discrimination based on gel
strength (see class 2 sensitivity/class 1 specificity in prediction – Tables
1 and 4), in the PLS-DA model constructed with the FT-IR data for
the discrimination based on foam height (see class 1 sensitivity/class 2
specificity in prediction – Tables 2 and 4) and in the PLS-DA model con-
structed with the FT-IR data for the discrimination based on foam insta-
bility (see class 1 sensitivity/class 2 specificity in prediction – Tables 3
and 4).
Nevertheless, even if promising, for a real industrial application the
classification models should be improved by including in the datasets
other EWP samples with higher variability in the technological proper-
ties.
4. Conclusions
Overall, the obtained results show that both FT-IR and FT-NIR spec-
troscopy coupled with multivariate data analysis, and specifically with
PLS-DA, could represent feasible solutions for the classification of EWPs
according to their technological properties. In addition, the possibility
of performing this classification by utilizing only few channels of the
original spectral range and obtaining still satisfactory results in most of
the explored situations may constitute a promising industrial perspec-
tive especially for future studies that might involve hyperspectral imag-
ing. In fact, cheaper and faster instruments spanning only a limited in-
terval of wavelengths but guaranteeing almost the same performance
for EWP sorting and/or quality control could be designed and exploited
directly on the production lines. Such a possibility could greatly benefit
producers and end-users by allowing the correct labeling and destina-
tion of each single EWP production lot.
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Table 4
Results of PLS-DA models computed with the selected wavenumbers of FT-NIR and FT-IR spectra for egg white powder discrimination based on technological properties: pre-treatment, number of selected variables and sensitivity and specificity (given in
counts of samples) in cross-validation and prediction.
Range Technological property Pre-treatment Selected variables Cross-validation Prediction
Class 1 Class 2 Class 1 Class 2
Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity
FT-NIR Gel strength 1st derivative 20 32/37 23/29 23/29 32/37 16/19 10/15 10/15 16/19
Foam height MSC +1st derivative 25 18/27 16/22 16/22 18/27 9/14 8/12 8/12 9/14
Foam instability 1st derivative 20 21/25 17/24 17/24 21/25 8/13 11/12 11/12 8/13
FT-IR Gel strength 2nd derivative 20 27/37 26/29 26/29 27/37 16/19 10/15 10/15 16/19
Foam height MSC 15 18/27 13/22 13/22 18/27 9/14 10/12 10/12 9/14
Foam instability 1st derivative 50 21/25 22/24 21/25 22/24 10/13 7/12 7/12 10/13
PLS-DA, partial least square-discriminant analysis; FT-NIR, Fourier transform-near infrared spectroscopy; FT-IR, Fourier transform-infrared spectroscopy; MSC, multiplicative scatter correction.
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